Many endosperm traits are related to grain quality in cereal crops. Endosperm traits are mainly controlled by the endosperm genome but may be affected by the maternal genome. Studies have shown that maternal genotypic variation could greatly influence the estimation of the direct effects of quantitative trait loci (QTLs) underlying endosperm traits. In this paper, we propose methods of interval mapping of endosperm QTLs using seeds of F 2 or BC 1 (an equal mixture of F 1 Â P 1 and F 1 Â P 2 with F 1 as the female parent) derived from a cross between 2 pure lines (P 1 Â P 2 ). The most significant advantage of our experimental designs is that the maternal effects do not contribute to the genetic variation of endosperm traits and therefore the direct effects of endosperm QTLs can be estimated without the influence of maternal effects. In addition, the experimental designs can greatly reduce environmental variation because a few F 1 plants grown in a small block of field will produce sufficient F 2 or BC 1 seeds for endosperm QTL analysis. Simulation studies show that the methods can efficiently detect endosperm QTLs and unbiasedly estimate their positions and effects. The BC 1 design is better than the F 2 design.
Grains of cereal crops are human's staple food and nutrition resource. Improving grain quality is a major goal of cereal breeding. The grain quality depends on many traits in the endosperm (e.g., amylose content, gelatinization temperature, and protein content of rice), which are usually quantitatively inherited. To improve the grain quality, understanding the genetic basis of these traits through the mapping of underlying quantitative trait loci (QTLs) becomes increasingly important to cereal breeding. Studies have shown that endosperm traits are mainly controlled by the triploid endosperm genome but may also be affected by the diploid genome of maternal plants (Zhu and Weir 1994; Shi et al. 1996 Shi et al. , 1999 Shi et al. , 2000 . Hence, a QTL for endosperm traits (termed as endosperm QTL) may exhibit effects from the endosperm genome (direct effects) and/or from the maternal genome (maternal effects).
Because endosperms are triploid, there are 4 possible genotypes for a QTL with 2 different alleles (say, Q and q) in the endosperm genome, namely, QQQ, QQq, Qqq, and. Among them, there are 2 heterozygous genotypes. Hence, apart from the direct additive effect (allele substitution effect), there are 2 types of direct dominance effect (deviation from additive expectation), named as the first dominance effect (for QQq) and the second dominance effect (for Qqq), respectively (Mo 1987) . So, endosperm traits have different genetic pattern from diploid traits. To analyze endosperm QTLs, statistical methods based on triploid models are needed.
Several methods for endosperm QTL mapping based on triploid models have been developed in recent years. Most of the methods proposed are based on experimental designs in which seeds are phenotyped individually (Wu, Lou, et al. 2002; Xu et al. 2003; Hu and Xu 2005; Wen and Wu 2007) ; fewer are based on experimental designs in which seeds are phenotyped in bulk (Xu et al. 2003; Wen and Wu 2006) . This is probably because bulk phenotyping could not provide sufficient information for complete partition of the direct effects and maternal effects of an endosperm QTL (Wen and Wu 2006) . In other words, to separate the direct effects from the maternal effects of an endosperm QTL, seeds have to be phenotyped individually. Fortunately, convenient technologies for measuring endosperm traits of single seeds without damaging the seeds such as single-kernel near infrared measurement have been developed and extensively applied in practical studies (Bramble et al. 2002 (Bramble et al. , 2006 Iwami et al. 2005; Armstrong 2006 ).
The earlier proposed methods adopting the strategy of single-seed phenotyping do not take maternal effects into account (Wu, Lou, et al. 2002; Xu et al. 2003) . However, simulation studies have shown that the estimates of endosperm QTL effects obtained by a model ignoring maternal effects may be biased when maternal effects exist (Hu and Xu 2005) . To solve this problem, Hu and Xu (2005) proposed a method on the basis of Xu et al. (2003) by adding maternal effects into the model. However, their simulation studies showed that whereas the direct and maternal additive effects of an endosperm QTL could be well estimated when the QTL's heritability is high and the sample size is large, the precisions of estimates of both direct and maternal dominance effects are very low in general. This might be largely because the direct effects and the maternal effects of an endosperm QTL are highly correlated. To improve the estimation of endosperm QTL effects (especially dominance effects), we recently proposed a method based on a 2-stage hierarchical experimental design Wen and Wu 2007) . Our simulation studies showed that with additional marker information from offspring embryos, estimates of all sorts of QTL effects are significantly improved; however, the estimates of both direct and maternal dominance effects are still not quite satisfactory. This suggests that direct dominance effects of endosperm QTLs could not be well estimated when maternal effects exist.
In this paper, we propose methods for endosperm QTL analysis based on 2 experimental designs using F 2 seeds (named F 2 design) and BC 1 seeds (BC 1 design), respectively. The most significant advantage of our methods is that maternal effects do not contribute to the endosperm trait variation in F 2 and BC 1 seeds, and so the direct effects of endosperm QTLs could be estimated without the influence of maternal effects.
Materials and Methods

Experimental Designs
Suppose seeds of F 2 or BC 1 (an equal mixture of the progeny of F 1 Â P 1 [denoted as BC 1.1 ] and F 1 Â P 2 [denoted as BC 1.2 ] with F 1 as the female parent) are derived from a cross between 2 pure lines (P 1 Â P 2 ). The embryo (or the plant developed from the embryo) of each seed is assayed for marker genotypes, and the corresponding endosperm is phenotyped for endosperm traits. For simplicity, we assume that all markers are codominant.
Genetic Models
For F 2 or BC 1 seeds, there is no genetic segregation among the maternal (F 1 ) plants. Therefore, the QTL effects displayed in F 2 or BC 1 endosperms would only come from the endosperm genome. Consider a QTL with 2 different alleles (say, Q and q). There are 4 possible genotypes with equal frequencies in F 2 or BC 1 endosperms, namely, QQQ (denoted by g 1 ), QQq (g 2 ), Qqq (g 3 ), and(g 4 ). Let a, d 1 , and d 2 are the direct additive, first dominance and second dominance effects of the QTL, respectively. Thus, the single-QTL model would be
where y i is the trait value of the ith F 2 or BC 1 endosperm (i 5 1, 2, . . ., n); l is the population mean; x i , z 1 i , and z 2 i are dummy variables that define additive and dominance effects by taking values depending on the QTL genotype of the ith endosperm (Table 1) ; and e i is residual error following a normal distribution N À 0; r 2 e Á . According to model (1), y i is assumed to follow a normal distribution N ðl j ; r 2 e Þ when the genotype of the putative QTL is g j (j 5 1, 2, 3, 4). However, because the genotype of the putative QTL is unknown, we have to assume that y i follows a mixture distribution consisting of 4 component distributions:
where f ðy i Þ and f j ðy i Þ are the probability density functions of the mixture distribution and the jth component distribution N ðl j ; r 2 e Þ, respectively, and p ij is the proportion of the jth component distribution given the information of flanking marker genotypes (Table 2) . The mixture distribution model provides the basis of QTL interval mapping (Lander and Botstein 1989) .
Interval Mapping
The principle of interval mapping is to use 2 adjacent markers to test for the existence of a putative QTL in the interval by performing a likelihood ratio test at every position in the interval (Lander and Botstein 1989) . The mixture distribution (2) contains a set of 6 unknown parameters, namely, X5
The method of maximum likelihood implemented by the expectation/ maximization (EM) algorithm (Dempster et al. 1977) can be used to estimate the parameters. The likelihood function is LðXÞ 5
The EM algorithm is an iterative procedure beginning from a set of initial values of the parameters to be estimated. Each iteration cycle contains an E step and an M step. The E-step is to calculateP, which is an n Â 4 matrix consisting of elements {P ij }, where P ij is the posterior probability of g j in the ith F 2 or BC 1 seed for a given position inside the interval being tested, defined as
The M-step is to solve the following equations under givenP :
where Y is an n Â 1 vector consisting of y i ;B is a 4 Â 1 vector consisting of the estimates of parameters l, a, d 1 , and d 2 ; I is an n Â 1 vector with all elements being 1; E 1 is a 4 Â 1 vector with all elements being 1; E 2 , E 3 , and E 4 are all 4 Â 1 vectors containing elements listed in Table 1 (columns 3, 4, and 5, respectively); Q k is a 4 Â 4 diagonal matrix with the diagonal elements filled with vector E k ; A is a 4 Â 4 diagonal matrix with the diagonal elements being the estimates of l 1 , l 2 , l 3 , and l 4 ; and X 5 (E 1 , E 2 , E 3 , and E 4 ).
The following log-likelihood ratio statistic can be used to test the existence of the putative QTL:
where L 0 and L 1 denote the maximum likelihood values under H 0 : a 5 d 1 5 d 2 5 0 (corresponding to a reduced model: y i 5l þ e i ) and H 1 : at least one of these effects 6 ¼ 0 (corresponding the full model, i.e., model [1]), respectively. The significance threshold of log of odds (LOD) score can be estimated via simulation or permutation tests (Churchill and Doerge 1994) .
After a putative QTL is mapped, we can further test the first and the second dominance effects of the QTL either jointly or individually based on the following hypotheses:
Under these hypotheses, the full model (model [1]) will be reduced as
respectively. We can use these models to fit the mapped QTL and then calculate likelihood ratios of these models to model (1):
where L k denotes the maximum likelihood under H k . These likelihood ratios would follow chi-square distributions with degrees of 2, 1, and 1, respectively. So, significance tests can be performed.
Simulation Studies
To examine the feasibility and efficiency of our method, we performed 2 parts of simulation studies. In part I, we assumed that a chromosome was 100 cM in length with 11 
where V E is the residual variance and V G is the genetic variance of the QTL with an expected value as below in both F 2 and BC 1 populations:
Based on (3) and (4), V E can be calculated for each given h 2 and thus phenotypic values of individual endosperms can be sampled. For each combination of heritability, sample size, and population type, simulation was replicated for 100 times, and a LOD threshold at the overall significance level of 0.05 was estimated by simulation (5000 replicates) under null (no QTL) hypothesis. Estimation bias from the true value of each parameter (QTL position, additive effect, first dominance effect, and second dominance effect) was examined by t-test, for which the t statistic was: t 5 ð hÀhÞ=s h , where h, h, and s h were the true value, sample mean, and sample standard error of the parameter, respectively. Because there were a large number (144 in total) of cases (null hypotheses) to be tested (Table 3) , multiple test correction was required. We used the Bonferroni method to control the family-wise error rate (Bland and Altman 1995) .
The second part of simulations was to examine the feasibility and efficiency of testing the dominance effects of a mapped QTL. Four cases of the QTL effects were considered. Case I: a 5 1, The heritability of the QTL was set to be 10%, and the sample size was set to be 500 in both of the F 2 design and the BC 1 design. A significance level of 0.05 was used for each test.
Results
The simulation results of part I are summarized in Table 3. Under the overall significance level of 0.05, the estimates of parameters were not significantly different from their true values in most of the cases; only 3 (2.1%) cases showed significant differences between the estimates and the true values. Therefore, the parameter estimation should be unbiased in general. The statistical power of QTL detection and the precision of parameter estimation depended on the QTL heritability and sample size. Both the power and the precision were improved as the heritability and sample size increased.
In the F 2 design, a QTL with 10% heritability could be efficiently detected and its position and additive effect could be precisely estimated using a small sample (200 seeds). For a QTL with 5% heritability, a medium sample (500 seeds) appeared to be adequate. However, the estimates of dominance effects (d 1 and d 2 ) were much less precise. Even in the case of 30% heritability and large sample (1000 F 2 seeds), the standard deviations (SDs) of the 2 dominance effects were still slightly larger than that of the additive effect obtained in the case of 10% heritability and small sample (200 seeds). Nonetheless, because the parameter estimation is unbiased in general, reliable estimates of the dominance effects should be obtainable as long as a sufficiently large sample is used.
In comparison with the F 2 design, the BC 1 design yielded obviously better results (Table 3) . A 100% statistical power of QTL detection was achieved in all cases including low heritability (1%) and small sample size (200 seeds). For all parameters, the SDs of estimates obtained by the BC 1 design were always smaller than those obtained by the F 2 design. Hence, the BC 1 design can get higher statistical power and more precise estimates of the parameters. This is especially significant in the estimation of dominance effects and in the case of lower heritability and smaller sample size.
The simulation results of part II are summarized in Table 4 . The significance rates in Case I (the negative control) were all close to the controlled type I error rate (5%) as expected. The F 2 design showed lower statistical powers and appeared to be only suitable for detecting d 1 and d 2 jointly but very inefficient for detecting the 2 dominance effects individually. The BC 1 design was much more powerful. The 2 dominance effects could be detected with a relatively high statistical power both jointly and individually.
Discussion
The simulation results indicate that compared with the additive effect, dominance effects have much lower estimation precision in general (Table 3 ). The reason can be found from formula (4). For simplicity, let us consider the case of d 1 5 d 2 5 d. In this case, formula (4) is reduced as
The above formula indicates that even in the case of a 5 d, the dominance effects only account for one-sixth of the genetic variance of a QTL. Only in the case of d 5 ffiffi ffi 5 p a % 2:24a (this might be very rare) would the dominance effects and the additive effect make equal contribution to the genetic variation. Hence, dominance effects cannot be estimated as precisely as the additive effect in general. This also explains why the statistical powers of detecting dominance effects were not very high in the simulations (Table 4) .
The simulation results suggest that the BC 1 design is better than the F 2 design for endosperm QTL analysis. The major reason might be that the QTL genotype in the BC 1 design is more clearly determined than that in the F 2 design. It can be seen from Table 2 that in the F 2 design, every marker genotype corresponds to 4 possible QTL genotypes, whereas in the BC 1 design, except for the marker genotype M 1 m 1 M 2 m 2 that also corresponds to 4 possible QTL genotypes, all other marker genotypes only correspond to 2 possible QTL genotypes each (note: the 2 marker genotypes, M 1 M 1 m 2 m 2 and m 1 m 1 M 2 M 2 , do not exist in the BC 1 design). In addition, it is seen that in the F 2 design, the 2 heterozygous QTL genotypes, QQq (g 2 ) and Qqq (g 3 ), cannot be distinguished from each other according to their conditional probabilities under all marker genotypes, whereas in the BC 1 design, the 2 heterozygous QTL genotypes can be clearly distinguished in light of their conditional probabilities under most of the marker genotypes. This explains why the dominance effects can be more efficiently detected and more precisely estimated under the BC 1 design.
Although the BC 1 design is statistically more desirable for endosperm QTL analysis, the experimental operation may be somewhat difficult for autogamous cereal crops because the process of artificial hybridization could probably hurt the female flower so as to affect seed development. Therefore, the BC 1 design might not be quite suitable for autogamous cereal crops (e.g., rice and wheat) but for allogamous cereal crops (e.g., maize) in practical studies. We have seen that both the F 2 design and the BC 1 design have the advantage of avoiding maternal influence in the estimation of the direct effects of endosperm QTLs. There is another important advantage in these 2 experimental designs compared with all other designs used before (Wu, Lou, et al. 2002; Xu et al. 2003; Hu and Xu 2005; Wen and Wu 2007) . Because a few F 1 plants grown in a small block of field will produce sufficient F 2 or BC 1 seeds for endosperm QTL analysis, environmental variation due to uneven soil fertility, different flowering times (when maternal plants are genetically segregated), and other spatial or temporal factors can be efficiently controlled. This will increase QTL heritability and therefore increase the statistical power of QTL detection and the precision of QTL mapping and effect estimation.
